Abstract: Droughts can severely reduce the productivity of agricultural lands and forests. The United States Department of Agriculture (USDA) Southeast Regional Climate Hub (SERCH) has launched the Lately Identified Geospecific Heightened Threat System (LIGHTS) to inform its users of potential water deficiency threats. The system identifies droughts and other climate anomalies such as extreme precipitation and heat stress. However, the LIGHTS model lacks input from soil moisture observations. This research aims to develop a simple and easy-to-interpret soil moisture and drought warning index-standardized soil moisture index (SSI)-by fusing the space-borne Soil Moisture Active Passive (SMAP) soil moisture data with the North American Land Data Assimilation System (NLDAS) Noah land surface model (LSM) output. Ground truth soil moisture data from the Soil Climate Analysis Network (SCAN) were collected for validation. As a result, the accuracy of using SMAP to monitor soil moisture content generally displayed a good statistical correlation with the SCAN data. The validation through the Palmer drought severity index (PDSI) and normalized difference water index (NDWI) suggested that SSI was effective and sensitive for short-term drought monitoring across large areas.
Introduction
Climate variability in the southeastern United States can bring regional-scale droughts. According to the National Climate Assessment for the Southeast, extreme heat and soil water deficiency are two of the four major stressors for the region [1] because a large part of the southeast's landscape is occupied by agriculture, forests, and rangelands [2] . Drought is especially a concern for agricultural and forestry management. For the agricultural sector, water deficiency during droughts has led to a reduction in crop and livestock production [3, 4] . For the forestry sector, water shortage could affect growth of the trees and also increase their vulnerability to wildfires [5] . A monitoring system that is able to deliver timely warnings of droughts can play a vital role in regional water resource management and economy development. The United States Department of Agriculture (USDA) and the Southeast
Materials and Methods

Data Acquisition
We used the Level 3 soil moisture data from L-Band Radiometer (SMAP L3_SM_P) on board the NASA satellite Soil Moisture Active Passive (SMAP). The SMAP Level 3 product is a daily global radiometer-only soil moisture product, which provides direct soil moisture measurement at 6 AM local solar time in the top 5-cm layer of the soil column in units of m 3 /m 3 [27] . We obtained the data from NASA's Earth Observing System Data and Information System (EOSDIS) Reverb Echo portal on EARTHDATA, and requested to transform NetCDF files into GeoTIFFs with the WGS 1984 Geographic Coordinate System.
The second dataset is the soil moisture data from NASA NLDAS. The NLDAS Noah Land Surface Model (LSM) L4 Hourly 0.125 × 0.125 degree V002 data that measure the top 10-cm soil moisture were downloaded from Goddard Earth Sciences (GES) Data and Information Center data portal, Mirador [28] . The NLDAS data time zone was Coordinated Universal Time (UTC), which has an overall six-hour time difference compared with the SMAP local solar time. Therefore, 1200 UTC data were collected for each day over the 36 years.
The third dataset is from the Soil Climate Analysis Network (SCAN). SCAN stations use probes to collect soil moisture data across the United States [29] . The probes were dielectric constant measuring devices placed at 5.08 cm depth [29] . The USDA National Resources Conservation Service (NRCS) provides the SCAN dataset as downloadable .csv tables. Table 1 shows the parameters and the uses of the data. We also notice the inconsistency of the soil depth measured by NLDAS and SMAP. The NLDAS measures the top 10 cm of the soil, 5 cm deeper than that of SMAP. Even though, according to Velpuri et al., SMAP shows a strong relationship with most soil moisture measurements at less than 20 cm depth [30] . We used a linear transformation to calibrate the two datasets. An example of the calibration on the NLDAS data is in Appendix A. Table A1 lists the calibration coefficients between NLDAS and SMAP.
Data Analysis
For each Julian day, there are 36 NLDAS observations from the past 36 years. Therefore, we were able to calculate the mean (µ NLDAS ) and standard deviation (σ NLDAS ) of each day. The daily SSI was calculated with Equation (2):
where x SMAP is the soil moisture content from SMAP Level 3 data for a single day, µ NLDAS is the mean value of soil moisture content for the corresponding day from NLDAS, and σ NLDAS is the standard deviation.
Validation
The SMAP mission specifies the accuracy of soil moisture to be within 0.04 (4%) m 3 /m 3 volumetric in low or moderately vegetated areas in the following conditions [31] :
Unfortunately, the southeast United States is not in the area where those accuracies are coherent. Therefore, we need to use other data sources to validate the soil moisture product. The validation was performed by comparing the soil moisture daily data from SMAP and NLDAS to daily soil moisture data retrieved from USDA SCAN stations. Table 2 lists the selected seven SCAN stations across the southeastern U.S. We selected the stations with a long-term collection of data, located in agricultural lands, plains, or grasslands, and reprehensive of diverse weather conditions. The comparison between SMAP and SCAN was on a daily basis, from 31 March 2015 to 16 July 2016. We also compared SCAN data and NLDAS data for 12 months, starting in January 2015 and ending in December 2015. [11, 32, 33] :
where NIR is the near infrared reflectance and SWIR is the short-wave infrared reflectance of the MODIS data. Both PDSI and NDWI data were resampled to 36 km for the SSI validation.
Results
SSI Spatial Analysis
The first SMAP record was on 1 April 2015, when the SMAP radiometer started collecting routine science data. As SMAP requires a minimum of three consecutive days to cover the globe, the SSI results for each of the three consecutive days were mosaicked to cover the study area ( Figure 1a ). The standardized SSI is a z-score, indicating how many standard deviations that a SMAP value is from the historic mean. The yellow to red colors indicate negative z-scores, which means the values are lower than the historic soil moisture mean for those pixels. The green to blue colors indicate positive z-scores, which means the values are higher than the historic soil moisture average for those pixels.
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Validation Result
SMAP Validation
The correlations between SMAP soil moisture data and the SCAN data were between 0.1506 and 0.9177. The correlations between SCAN and NLDAS data were between 0.376 and 0.7742. The RMSEs for SMAP were between 0.0428 and 0.1379, which do not meet SMAP mission's specification (0.04 or 4% m 3 /m 3 ) for low or moderately vegetated areas. Given that the southeast United States are mostly covered by high vegetation, the validation result is still acceptable for drought monitoring. Table 3 shows the R-squared and RMSE for SMAP in 2015 and 2016. Note that the correlation for station Uapb-Earle in 2016 was invalid due to missing SCAN data. PDSI is a standardized index that spans −10 (dry) to +10 (wet) [34] . Figure 2a shows the reference image of PDSI for April 2015. Compare to the SSI result for April 2015 (Figure 1b) , the drought patterns are generally consistent. The scatter plot shows the correlation between SSI and PDSI is moderate: the correlation coefficient (r) was 0.52 ( Figure 3a) . PDSI is effective in determining long-term drought [34] , but not for short time periods such as daily soil moisture deficiency. For daily comparison, MODIS NDWI was used to test the accuracy of short-term SSI.
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Discussion
The SMAP validation revealed that the average correlation between SMAP data and SCAN data were 0.4611 for 2015 and 0.6240 for 2016. Four low R-squared values suggested some discrepancy between SMAP and SCAN data. The R-squared at the Uapb-Earle station in Arkansas for the year 2015 was exceptionally low (0.1506). Low R-squared values were also found at the N Piedmont Arec station in Virginia (for 2016), the Sellers Lake #1 station in Florida (for 2015), and the Princeton #1 station in Kentucky (for 2015). Figure 4 shows the correlations between SCAN values and SMAP values for the four stations.
To discover what caused these significantly low accuracies in the abovementioned stations, we created time-series plots to identify the outliers between SMAP and SCAN ( Figure 5 ). 
The SMAP validation revealed that the average correlation between SMAP data and SCAN data were 0.4611 for 2015 and 0.6240 for 2016. Four low R-squared values suggested some discrepancy between SMAP and SCAN data. The R-squared at the Uapb-Earle station in Arkansas for the year 2015 was exceptionally low (0.1506). Low R-squared values were also found at the N Piedmont Arec station in Virginia (for 2016), the Sellers Lake #1 station in Florida (for 2015), and the Princeton #1 station in Kentucky (for 2015). To discover what caused these significantly low accuracies in the abovementioned stations, we created time-series plots to identify the outliers between SMAP and SCAN ( Figure 5 ). Figure 5a shows that at the Uapb-Earle station, the SMAP data and SCAN data are generally correlated, but the correlation drastically changed from around 4 June to 25 June, and then from 13 August to 10 September. Figure 5b shows the large disagreement at the Sellers Lake station. SCAN soil moisture values remained below 0.1 while SMAP abruptly jumped above 0.25 from August 21 to September 30. Figure 5c shows that at Princeton station, the agreement between SMAP and SCAN was good from April 2015 to May. Nevertheless, this harmony was broken on 5 June until 27 June. In these days, SCAN observations were between 0.1 and 0.2, while SMAP data were between 0.2 to 0.3. From 6 August to 15 November, SMAP data were consistently lower than the SCAN data. Figure 5d shows that at N Piedmont Arec station there was a reverse trend between SMAP and SCAN from 18 January to 1 February, then 5 March to 18 March, and then from 8 April to 14 April. One of the major limitations of using SCAN data for satellite data validation is that the scales are different. The station observations are from precise sensors buried in soil, which only see a few inches of soil volume, while satellite sensors collect surface radiance from a large footprint (e.g., SMAP 36 × 36 km) [15] . The satellite data are complex averages of the surface conditions and environments. Therefore, although direct comparison between the two datasets has been a common approach, it may not offer sufficient accuracy assessment of the satellite data.
Another limitation is the high SSI scores along the coastal areas in Figure 1 . It has been reported in the literature that open water might lead to considerably biased soil moisture retrievals [35] . Make corrections of the coastal soil moisture data would require huge amount of efforts and additional data, including detailed land cover data and in-situ observations at much finer resolutions.
The last limitation of the SSI is that the calculation was based on the normality assumption of the historical data. The outliers (droughts) detected by the deviation from means are only valid if the assumption holds. Therefore, this approach is sensitive to data noise. Although we used 36 years of data to calculate the means and standard deviations, the SSI model will benefit from including longer periods if possible.
Conclusions
This research proposes a climate index called the standardized soil moisture index (SSI) to detect droughts. SSI was derived from satellite soil moisture data of SMAP and the long-term land surface model NLDAS data to facilitate drought detection in short terms such as three days. By doing so, drought warnings can reach the farmers and foresters at a timely fashion.
We first validated the accuracies of the input data. The SMAP soil moisture data displayed good statistical correlations (R 2 = 0.4611 for 2015 and 0.6240 for 2016) with in-situ SCAN data and with acceptable RMSEs (0.0819 for 2015 and 0.0748 for 2016). However, we found large inconsistency in areas that are not friendly for satellite observations such as vegetation, water bodies, urban, and high slope terrains.
The validation of SSI through PDSI and NDWI suggested SSI was an effective measure of soil moisture conditions. The correlation between SSI and PDSI for April 2015 is acceptable (r = 0.52), and the correlation between SSI and NDWI is slightly better (r = 0.56). PDSI is a monthly index. Therefore, SSI could provide shorter-term warnings than PDSI. Thus, SSI is a favorable index over PDSI for drought detection.
In summary, our SSI is a new climate index for drought detection. It is computed from daily satellite data and statistics from long-term soil moisture data, and therefore can provide short-term warning of drought conditions. Moreover, SSI is easy to interpret for farmers and foresters due to its simple and transparent statistical construct. Our research validated the SSI using multiple external sources of soil moisture data. The inconsistency of satellite observations with ground data could be solved by downscaling satellite data in the future work.
The calibration of NLDAS data for calculation SSI. Table A1 
